To develop the quantitative structure-activity relationship (QSAR) for predicting the anticonvulsant activity of α_substituted acetamido-N-benzylacetamide derivatives. Density Functional Theory (B3LYP/6-31G*) quantum chemical calculation method was used to find the optimized geometry of the studied molecules. Nine types of molecular descriptors were used to derive a quantitative relation between anticonvulsant activity and structural properties. The relevant molecular descriptors were selected by genetic algorithm approximation. The high value of the correlation coefficient, (R 2 ) of 0.98, indicates that the model was satisfactory. The proposed model has good stability, robustness, and predictability on verifying with internal and external validation.
Introduction
Epilepsy is defined as a brain disorder characterized by an enduring predisposition to generate epileptic seizures (Fisher, Boas, & Blume, 2005) . John Hughlings Jackson recommended that seizures were caused by "occasional, sudden, severe, extreme, rapid and local discharge of gray matter", and that a generalized convulsion resulted when normal brain tissue invaded by the seizure activity initiated in the abnormal focus (Brunton, Lazo, & Parker, 2006) . Ant-epilepsy campaign conducted by World Health Organization (WHO) in conjunction with International Bureau for Epilepsy (IBE) and International League Against Epilepsy (ILAE) suggests that 1% of world population at any time is afflicted with this neurological disorder. Every year about 2.4 million new cases are added to these
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Quantitative structure-activity relationships (QSAR) are mathematical equations relating chemical structure to their biological activity (Krogsgaard-Larsen, Liljefors, & Ulf, 2002) . The far reaching utilization of QSAR models was from the improvement of new basic descriptors and measurable mathematical statements relating different physical and organic properties of the substance structure. The main hypothesis in the QSAR approach is that all properties of a chemical substance are statistically related to its molecular structure. The success of the QSAR approach can be explained by the insight offered into the structural determination of chemical properties and biological activities, and the possibility to estimate the properties of new chemical compounds without the need to synthesize and test them. These molecular design techniques, which significantly reduce the cost and time involved in obtaining compounds with desired properties, were applied to a wide range of properties, such as melting and boiling temperature, molar heat capacity, standard Gibbs energy of formation, vaporization enthalpy refractive index, density, aqueous solubility, 1-octanol/water partition coefficient, solvation free energy, receptor binding affinities, pharmacological activities, and enzyme inhibition constants (Tarkoa & Ivanciuc, 2001; Palluotto et al., 1996) .
The purpose of this research is to perform a quantum chemical QSAR study of a series of α_substi-tuted acetamido-N-benzylacetamide derivatives to investigate the experimental activities of the molecules as anticonvulsant activity agents and obtain a linear model using the Genetic function Approximation (GFA) method.
Material and methodology

Data collection
Thirty-five molecules belonging to α_substituted acetamido-N-benzylacetamide derivatives were used as anticonvulsant activities were taken from the literature and used for the present study (Kohn, Conley, & Leander, 1998) . The observed structures, the biological activities of the training, outliers and test sets of these compounds are presented in Figure 1 and Table 1, respectively.
Biological activity
The logarithm of measured ED 50 (μM) against anticonvulsant activity as pED 50 (pED 50 = log 1/ED 50 ) was used as dependent variable, consequently correlating the data linearly to the independent variable/descriptors.
Molecular optimization
The process of finding the equilibrium or lowest energy geometry of molecules is called Molecular Optimization. All molecular modeling studies were carried out using Spartan'14 version 1.1.2 (Wavefunction. Inc, 2013) and PaDEL-Descriptor version 2.18 (Yap, 2011) running on Toshiba Satellite, Dual-core processor window eight (8) operating system. The molecular structures of the compounds in the selected series were drawn in the graphic user interface of the software. Structures were built using 2D application tool and exported in 3D format. All 3D structures were geometrically optimized by minimizing energy. Calculation of the structural electronic and other descriptors of α_ substituted acetamido-N-benzylacetamide derivatives was conducted by means of Density functional theory (DFT) using the B3LYP version and 6-31G * basis set. The lowest energy structure was used for each molecule to calculate their physicochemical properties (molecular descriptor).
Descriptor calculations
Molecular descriptors are mathematical values that describe properties of molecules. The quantum chemical descriptors were calculated using the Spartan'14 version 1.1.2 (Wavefunction. Inc, 2013) quantum chemistry package while the 1D, 2D, and 3D descriptors were calculated using PaDELDescriptor version 2.18 tool kit (Yap, 2011) .
Training and test set
The training set comprises of molecules used in model development while the test set is made up of molecules not used in building the model, they were used in the external validation of the model generated by training set. The data-set for the biological activity was split into training set and test set. At least 70% of the data-set was used as training set while the remaining 30% was used as test set in line with the optimum splitting pattern of data-set in QSAR study (Patil, 2011) . Consequently, the data-set of 35 derivatives was split into 25 training sets and 10 test sets. Four outliers were removed as shown in Table 1 . The training set was used to generate the model while the test set was used to evaluate its predictive abilities (Figure 2 ).
Culture process
The correlation between activity values of the molecules against neurotransmitter and the calculated descriptors was obtained through correlation analysis using the Material studio software version 8. Pearson's correlation matrix was used as a qualitative model, in order to select the suitable descriptors for regression analysis. The generated descriptors were subjected to regression analysis with the experimentally determined activities as the dependent variable and the selected Training Set descriptors as the independent variables using the Genetic Function Approximation (GFA) method in material studio software version 8. 25 samples in the training set were included in the training set. The number of descriptors in the regression equation was 9, and Population and Generation were set to 2,000 and 2,000, respectively. The number of top equations returned was 5. Mutation probability was 0.1, and the smoothing parameter was 0.5. The models were scored based on Friedman's LOF. In GFA algorithm, an individual or model was represented as one-dimensional string of bits. It was a distinctive characteristic of GFA that it could create a population of models rather than a single model. GFA algorithm, selecting the basic functions genetically, developed better models than those made using stepwise regression methods. And then, the models were estimated using the "lack of fit" (LOF), which was measured using a slight variation of the original Friedman formula, so that best model received the best fitness score (Wu et al., 2015) . In materials studio version 8, LOF is measured using a slight variation of the original Friedman formula (Friedman, 1990) . The revised formula is:
where SSE is the sum of squares of errors, c is the number of terms in the model, other than the constant term, d is a user-defined smoothing parameter, p is the total number of descriptors contained in all model terms (ignoring the constant term), and M is the number of samples in the training set. Unlike the commonly used least squares measure, the LOF measure cannot always be reduced by adding more terms to the regression model. While the new term may reduce the SSE, it also increases the values of c and p, which tends to increase the LOF score. Thus, adding a new term may reduce the SSE, but actually increases the LOF score. By limiting the tendency to simply add more terms, the LOF measure resists over fitting better than the SSE measure (Materials Studio 8.0 Manual). The significant regression is given by F-test, and the higher the value, the better the model (Khaled & Abdel-Shafi, 2011 ).
Model validation
The fitting ability, stability, reliability, and predictive ability of the developed models were examined by internal and external validation parameters. The validation parameters were compared with the minimum recommended value for a generally acceptable QSAR model (Ravinchandran et al., 2011) shown in Table 2 .
Internal validation parameters
The square of the correlation coefficient (R 2 ) describes the fraction of the total variation attributed to the model. The closer the value of R 2 is to 1.0, the better the regression equation explains the Y variable. R 2 is the most commonly used internal validation indicator and is expressed as follows:
where Y obs ; Y pred ;Y training are the experimental property, the predicted property, and the mean experimental property of the samples in the training set, respectively (Brandon-Vaughn, 2015).
Adjusted R 2 adj value varies directly with the increase in number of regressors i.e. descriptors, thus, R 2 cannot be a useful measure for the goodness of model fit. Therefore, R 2 is adjusted for the number of explanatory variables in the model. The adjusted R 2 is defined as:
where p = number of independent variables in the model (Jalali-Heravi & Kyani, 2004) .
(1) 
External validation parameters
Internal validation is an essential step in QSPR model development. The desired internal validation results show that the model exhibits higher stability and prediction ability. However, no real prediction ability is shown for external samples. Therefore, the external predictive ability and extrapolation of the models should be evaluated (Jalali-Heravi & Kyani, 2004 (Patil, 2011) .
Results and discussion
Five QSAR models were built using GFA algorithm, but only the best model (model 1) was selected and reported due to the statistical significance, and its statistical parameters were calculated as well. The name and symbol of the descriptors used in the QSAR optimization model are shown in Table 3 .
The Pearson's correlation matrix for descriptors used in the model are shown in Table 4 . The result from this Correlation matrix shows clearly that the correlation coefficients between each pair of descriptors is very low, thus, it can be inferred that there exist no significant inter-correlation among the descriptors used in building the model. Table 5 gives the result of Validation of the Genetic function Approximation (GFA) of model 1 that was generated from material studio. Model 1 gives the best QSAR model among the five models generated based on statistical significance as it has the highest R A univariate analysis is performed on the inhibition efficiency data in Table 1 as a tool to assess the quality of the data available and its suitability for next statistical analysis. Data in Table 1 show acceptable normal distribution. Statistical parameters presented in Table 4 have been discussed in detail in our previous study (Khaled, 2011) . Comparison of the validation parameters of model 1 with the optimum standard proposed by Ravinchandran et al. (2011), in Table 2 Table 6 ) high predictability of model 1 was evidenced by the low residual values observed in the Table. Also, Figure 3 gives the plot of predicted activities against observed activities on Microsoft excel package, the R 2 value of 0.9895 was in agreement with GFA-derived R 2 value, this further confirms the reliability of the model. Furthermore, the plot of observed activities versus residual activities (Figure 4 ) indicated that there was no systemic error in model development as the propagation of residuals was observed on both sides of zero (Jalali-Heravi & Kyani, 2004) .
The inhibitory concentration of a molecule is inversely proportional to its biological activity. As shown in model 1 above, the PED 50 of the α_substituted acetamido-N-benzylacetamide derivatives (Tables 7a and 7b ). It implies that the inhibitory concentration of the molecules against the neurotransmitter was directly proportional to these descriptors in the molecules. Also, it can be inferred that the inhibitory concentration of the molecules increases with the decrease in SP-1 (Simple Path, order 1), SP-5 (Simple Path, Order 5), Wnu2 Unity (Directional WHIM, Weighted by atomic Polarizabilities) descriptor in the molecules due to its negative correlation with pED50 as shown in model 1 (Table 8) . 
Conclusion
This research addresses the QSAR between a set of α_substituted acetamido-N-benzylacetamide derivatives and their inhibitory concentration against neurotransmitters. Our study developed five GFA-derived models out of which the optimal model was selected on the basis of its superior statistical significance. The robustness and applicability of QSAR equation has been established by internal and external validation techniques. This study provides an effective approach for the design and synthesis of new anticonvulsant drug that will be more effective in inhibiting neurotransmitter. 
